A fuzzy logic prediction model for the 28-day compressive strength of cement mortar under standard curing conditions was created. Data collected from a cement plant were used in the model construction and testing. The input variables of alkali, Blaine, SO 3 , and C 3 S and the output variable of 28-day cement strength were fuzzified by the use of artificial neural networks (ANNs), and triangular membership functions were employed for the fuzzy subsets. The Mamdani fuzzy rules relating the input variables to the output variable were created by the ANN model and were laid out in the If -Then format. Product (prod) inference operator and the centre of gravity (COG; centroid) defuzzification methods were employed. The prediction of 50 sets of the 28-day cement strength data by the developed fuzzy model was quite satisfactory. The average percentage error levels in the fuzzy model were successfully low (2.69%). The model was compared with the ANN model for its error levels and ease of application. The results indicated that through the application of fuzzy logic algorithm, a more user friendly and more explicit model than the ANNs could be produced within successfully low error margins.
Introduction
Portland cement production is a complex process that involves the effect of several processing parameters on the quality control parameter of 28-day compressive strength. Examples for processing parameters are chemical parameters like the C 3 S, C 2 S, C 3 A, C 4 AF, and SO 3 contents in addition to the physical parameters like Blaine (surface area) and particle size distribution [1 -3] . These factors are all effective in producing a single strength quantity of 28-day compressive strength. Such effects have been the subject of several different studies [2, 4, 5] . Particle size effect was studied by Osbaeck and Johansen [4] and later by Tsivilis et al. [6] . Clinker composition effect was investigated by Osbaeck [7] , especially for the alkali effect. Radjy and Vunic [8] showed that the gel -space ratio can be used to predict the compressive strength development of concrete based on measuring the adiabatic heat signature to estimate the degree of hydration. Prediction modelling studies, like regression and other mathematical models, were also proposed [9, 10] . Recently, artificial neural networks (ANNs) were used to create a prediction model [11, 12] .
The benefits of using ANN models are the ease of application, robustness, etc. They are, however, black box models. They do not yield an explicit relation between input and output variables, which makes them more difficult to interpret. All that the model offers is a weight matrix that defines the weights of interlayer connections, which are optimized after thousands of iterations. Considering the type of data used in cement strength modelling, fuzzy logic may prove to be a better modelling tool. The collected plant data are always associated with some error, which makes the fuzzy approach more suitable [13] . First of all, the fuzzy approach provides possible rules relating input variables to the output variable; hence, it is more in-line with human thought. Therefore, plant operators can rapidly develop their own set of rules to test for their fit for the fuzzy model. This makes the fuzzy approach more user friendly. In a previous study, Fa-Liang [13] developed a fuzzy model to predict cement strength by feeding the model with the 2-day strength data to predict the 28-day strength. However, the chemical and physical parameters were not considered in that study. Moreover, there is no information on fuzzy rules, membership functions, and defuzzification procedures in that study.
In this article, the chemical and physical parameters of cement mortar were used as a feed to a fuzzy logic model. Process control data from a local cement plant, which were used in a previous publication [11] , are employed in this article for model construction. Cement strength testing was performed in accordance with European Standard EN 196-1 [14] . The triangular membership functions and the fuzzy rules were written based on an ANN model created for this purpose.
Fuzzy logic
A general fuzzy system is presented in Fig. 1 . According to Fig. 1 , the system has basically four components: fuzzification, fuzzy rule base, fuzzy output engine, and defuzzification.
Fuzzification converts each piece of input data to degrees of membership by a lookup in one or more several membership functions. The key idea in fuzzy logic, in fact, is the allowance of partial belongings of any object to different subsets of a universal set instead of belonging to a single set completely. Partial belonging to a set can be described numerically by a membership function, which assumes values between 0 and 1 inclusive. Intuition, inference, rank ordering, angular fuzzy sets, neural networks, genetic algorithms, and inductive reasoning can be, among many, ways to assign membership values or functions to fuzzy variables. Fuzzy membership functions may take many forms, but in practical applications, simple linear functions, such as triangular ones, are preferable. In this study, the ANN model was used to assign the membership functions for the input variables of alkali, Blaine, SO 3 , and C 3 S, and the output variable of 28-day cement strength and triangular membership functions were employed for each variable (Fig. 2 ). The ANN model architecture employed is shown in Fig. 3 .
Fuzzy rule base contains rules that include all possible fuzzy relations between inputs and outputs. These rules are expressed in the If -Then format. In the fuzzy approach, there are no mathematical equations and model parameters, and all the uncertainties, nonlinear relationships, and model complications are included in the descriptive fuzzy inference procedure in the form of If -Then statements. There are basically two kind of fuzzy rules: Jantzen [15] . In this study, we constructed the Mamdani-type fuzzy rules, relating input variables to the output variable by the use of the ANN model, and summarized a random selection in Table 1 .
Fuzzy inference engine takes into account all the fuzzy rules in the fuzzy rule base and learns how to transform a set of inputs to corresponding outputs. There are basically two kinds of inference operators: minimization (min) and product (prod). Jantzen [15] points out that both methods, in general, work well. In this study, we employed the prod method due to its better performance.
Defuzzification converts the resulting fuzzy outputs from the fuzzy inference engine to a number. There are many defuzzification methods such as centre of gravity (COG; centroid), bisector of area (BOA), mean of maxima (MOM), leftmost maximum (LM), rightmost maximum (RM), etc. [15, 16] . In this study, we employed the most commonly used centroid method, and for the discrete case, it is expressed as [15] :
where K x * is the defuzzified output value, K xi is the output value in the ith subset, and l(K xi ) is the membership value of the output value in the ith subset. For the continuous case, the summations in Eq. (1) are replaced by integrals. Fig. 1 . The fuzzy logic modelling process.
More details on the fuzzy logic can be obtained from Refs. [15 -22] .
Model construction
The original data used in a previous article for ANN modelling were employed in this article for fuzzy model construction. To create the fuzzy rule sets and their membership functions, a new ANN model was created following the same procedures outlined in Ref. [11] . The only exception was that the new ANN model had four input parameters [% C 3 S, % SO 3 , % total alkali, and Blaine (cm 2 /g)] and one output parameter of 28-day compressive strength (N/mm 2 ) as opposed to more than 20 for the previous model. These parameters (C 3 S, SO 3 , total alkali, and Blaine) were believed to represent the more important factors regarding compressive strength based on the sensitivity analysis done on our previous model. The newly constructed ANN model had three layers: input, hidden, and output. The input and hidden layers had four neurons, while the output layer had only one neuron. Bias term was not used in the training. Learning rate was 0.01. The model was trained for Fig. 2 . Membership functions for input and output parameters used for fuzzy modelling. Fig. 3 . ANN model architecture. Table 1 A random selection of 20 rule sets from the total 108 sets 20,000 iterations. The reduction in the number of input parameters from 20 to 4 resulted in a slight increase in the percentage testing error, as already expected, for the new ANN model (average absolute error 2.41%). However, the model was still successful, and we were able to generate the rule sets for the fuzzy model. There were a total of 108 fuzzy rule sets, randomly selected, 20 of which are listed in Table 1 , and the constructed membership functions are shown in Fig. 2 .
Model application
The developed fuzzy logic-based model was applied to predict 50 sets of the 28-day cement strength data obtained from a local cement plant in Izmir, Turkey ( Table 2 ). The total number of data sets was 150, but a randomly selected 50 were used for model testing. The same data sets were also used in a previous study [11] . We devised the fuzzy logic-based algorithm model by using the fuzzy logic toolbox in Matlab. The prod and centroid methods were employed as the inference operator and defuzzification methods, respectively. The prediction results of the measured data by the developed fuzzy model and the ANN model are presented in Table 2 and Fig. 4 . According to Table 2 and Fig. 4 , the fuzzy model predicts the measured data successfully, and its performance is comparable with that of ANNs. To have an objective comparison of the performance of the models, the error measures of the root mean square error (RMSE) and the mean absolute error (MAE) were computed for each model, and these are summarized in Table 3 . As can be seen in Table 3 , the error measures for the fuzzy model are comparable with those of the ANN model. The latter, developed for the purpose of fuzzy rule creation, was produced with an average absolute percentage error of 2.41% (RMSE 1.70). This quantity was higher than the 2.24% (RMSE 1.53) achieved in Ref. [11] for 20 input parameters. This increase in the error was a The strength measurements of brittle materials, like cement mortar, are always associated with a distribution. Such measurements never provide the same exact strength quantity. Therefore, the fuzzy approach is well suited for such samples. Another advantage of the fuzzy logic is that all the rules are written verbally, much like human thought. ANN models, on the other hand, are black box models, not immediately visible to the user. Plant operators may easily adapt to the verbal rule creation process.
Conclusions
A fuzzy logic model was created to predict the 28-day cement strength. Input parameters used in model creation process included C 3 S, SO 3 , total alkali, and surface area (Blaine). The model was created from a local cement plant process control data. A four-parameter ANN model was used to produce the fuzzy rule sets in the fuzzy model building stage. Successful predictions of the observed cement strength by the model indicate that fuzzy logic could be a useful modelling tool for engineers and research scientists in the area of cement and concrete.
Although the fuzzy model yielded slightly higher error than ANN, its explicit nature may grant its use by cement professionals for prediction purposes. The cement data are always associated with some measurement errors, which makes the fuzzy approach more suitable than the ANN is in that regard.
The successful predictions of the 28-day cement strength data by the fuzzy model indicate that the employed prod activator and centroid defuzzification methods are appropriate.
